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Abstract

:

This article was motivated by the urban mobility changes observed at the onset of the COVID-19 pandemic in Brazil. We aim to analyze travel behavior before and during the COVID-19 pandemic in Brazil considering two samples of revealed preference online data, independent samples tests, multinomial logit models (MNL), and mixed logit models (ML). The analysis shows a decrease in Urban Public Transport (UPT) use. Comfort and frequency of the UPT service were important factors to attract users during the pandemic period. Ridesourcing services were used for leisure purposes before the pandemic. During the pandemic, they were used for health purposes. Active modes were used more for shopping and leisure purposes during the pandemic. Regarding car users, such as drivers, it was found that they used ridesourcing less often during the pandemic than before. The main contribution of this research concerns the changes in travel behavior that might remain and how these analyses can shape sustainable transportation public policies in the future. Therefore, for a Brazilian study case, this article suggests an increase in the quality of UPT services, a reform on pricing regulations for UPT, an increase in the infrastructure for active modes, an implementation of car demand management strategies, and more strategies to support teleworking as a form of traffic demand management.
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1. Introduction


In an attempt to contain the spread of SARS-CoV-2 around the world, many countries have adopted social distancing, health security, hygiene, and lockdown measures. Many authors who investigated this topic in various countries demonstrated that these measures are effective in reducing the spread of COVID-19 [1,2]. In Brazil, school closures and stagnant economic activities started between 12 and 23 March 2020. Since then, social distancing measures varied throughout 2020 and 2021 according to the occupancy rate of hospital beds, with the aim of avoiding deaths and the collapse of health systems.



Social distancing measures were directly associated with people mobility [3], and changed entire transportation systems and travel behaviors around the world. Furthermore, vulnerability, perceived risk, and fear caused by the SARS-CoV-2 pandemic influenced individuals behavior related to these preventive measures to face COVID-19. In Turkey, avoiding the use of Urban Public Transport (UPT) was the main factor in preventing the spread of COVID-19, according to individuals in a survey [4]. Other authors observed that individuals in a Tokyo sample tended to avoid leisure activities and going to restaurants more, but continued to go shopping using protective measures such as masks and hand hygiene [5].



In Brazil, the reduction in Urban Public Transport demand that had occurred even before the beginning of the pandemic, since 2019, has become greater during the pandemic. This drop in demand means a drop in the revenue, which had an impact in the services offered by operators [6]. Especially in a developing country, with many social disparities, it is important to analyze the influence of users’ satisfaction with UPT quality on the choice of these services during the pandemic. Thus, in the current period of mass vaccination—74% of the Brazilian population were fully vaccinated on 22 March 2022 [7]—and with the reduction in restrictive measures in Brazil, the purpose now is to understand the changes that occurred and identify those that may persist in the future, suggesting public policies regarding transportation that can ensure people’s quality of life.



This study aims to identify the main changes in Brazilian urban mobility habits (travel mode choice and trip purpose) that occurred at the onset of the COVID-19 pandemic in Brazil. The specific objective is to identify these changes related to the use of ridesourcing services. This study is based on online surveys in certain Brazilian cities during the pre-pandemic and the pandemic period. Changes are investigated by performing independent samples tests and confirmatory analysis calibrating Multinomial Logit (MNL) and Mixed Logit (ML) models.



This article has three main contributions. The first one is related to identifying the mobility changes associated with travel mode and trip purpose choices caused by the COVID-19 pandemic in Brazil. The second contribution is to find the main quality indicators of UPT that most influence its choice during the pandemic, such as frequency of service and comfort. The third one is the suggestion of transport policies to support transport operators and decision-makers to ensure health security, as well as a democratic and sustainable transportation system regarding the COVID-19 pandemic’s impacts and the findings in this article.



The present study consists of five sections, in addition to this introduction. Section 2 includes the literature review regarding travel behavior during the COVID-19 pandemic and UPT quality indicators. Section 3 presents the method used to meet the objectives of this article and contains a description of the data collection and the adopted tools. Section 4 comprises the characterization of the sample obtained, as well as the description and discussion of the results obtained in the analyses performed. Finally, Section 5 proposes public transport policies for the Brazilian context, based on the results obtained. In Section 6, the authors conclude the discussions presented throughout the article and propose future research avenues.




2. Literature Review


This section presents the previous literature on travel behavior during the COVID-19 pandemic focused on travel mode and trip purpose. After analyzing the influence of people’s satisfaction with the Brazilian Urban Public Transport service in relation to the pandemic period, a literature review related to UPT quality indicators is also discussed.



2.1. Travel Behavior during the COVID-19 Pandemic


Risk perception and fear have influenced travel behavior during the pandemic and changed individuals’ travel mode choice [4]. In the current literature, authors have observed that people are more positive about using private vehicles than UPT, according to users [8]. In research from the USA, only 29% of the sample’s respondents considered private motorized vehicles as having a medium- to high risk of contagion and the rate for bicycles was even lower (23%). Meanwhile, for ridesourcing, the rate was 89% and for PT 93%. Among this 93%, more than 26% did not have frequent access to a private vehicle [9]. In Australia, the results observed in the literature were similar, as rail and buses were considered the travel modes that 33 and 42% of the sample felt less comfortable using, respectively, compared to a rate of only 1% in the case of a private car. However, only 12% of the respondents pointed out ridesourcing as the travel mode they feel less comfortable commuting with during the COVID-19 pandemic, which is a lower rate than in the USA [10].



Furthermore, some authors have investigated the factors that influenced travel behavior changes observed during the pandemic. In Thessaloniki, Greece, a study found that people switched from UPT to private vehicles and walking, in which private cars were more used for commuting [11]. In Chicago, USA, a study found that transit use declined more in commercial regions and the regions with more COVID-19 cases presented smaller declines [12].



In Brazil, bus demand decreased by approximately 40% between October 2020 and February 2021 and rail demand decreased by 55.9% between March and December 2020, when compared to the same period of the previous year [13,14]. Although other travel modes had a drop in demand, in the case of UPT, the reduction in demand was greater [15,16]. However, it is not clear in the literature if the socioeconomic- and trip-related factors that influence travel mode choice changed at the onset of the pandemic. Therefore, Brazilian travel behavior during the COVID-19 pandemic should be studied to avoid the negative impacts of the substitution of UPT by private vehicles (cars and motorcycles) and ridesourcing services.



In addition to changes in habits related to travel mode choice, one can observe changes in individual behavior related to activities performed out of the home. In Chicago, USA, respondents perceived that going to hospitals, gyms, and restaurants had the highest risk of contagion, while visiting family and/or friends and shopping were the lowest [9]. In Canada, there was a higher frequency of travel during the pandemic due to work-related trips or shopping [17]. In Australia, a more significant decrease in trips was observed due to shopping, visiting friends, and going to restaurants [10]. In Brazil, work-related trips reduced and telework increased during the pandemic [6].



Many authors have suggested policies to minimize the negative effects of the pandemic on travel behavior, such as applying land occupation properly based on density of the neighborhoods to decrease social disparities and travel time [18]. Another proposal is to adjust the UPT service supply to the socioeconomically different groups and spaces [12]. This study relies on the individual’s satisfaction with the quality of UPT and how it influences their travel mode choice during the pandemic.




2.2. Urban Public Transport Quality


Improving the quality of UPT is important to attract users [19]. Thus, it is required to investigate an individual’s perception about these quality factors to shape effective policies for operators. Many authors have suggested different indicators to assess UPT quality [20,21,22], and which ones should be used is not clear in the literature [23]. The socioeconomic context and local customs from the region analyzed should be considered [22]. This literature review brings the most important general factors and correspondent indicators analyzed by some authors before the COVID-19 pandemic, as shown in Table 1.



The frequency of service, schedule reliability, comfort, cleaning, safety, information, courtesy of employees, and cost indicators are the most used because of their importance in many studies [23]. Brazilian authors used the personal safety, comfort, schedule reliability, frequency of service, and general quality indicators to assess UPT quality in a survey applied in many Brazilian regions in 2019, just before the beginning of the COVID-19 pandemic. The research findings show that security and schedule reliability were important factors on whether individuals would use UPT [29].



However, the pandemic has changed travel behavior and the UPT service supply, and it is not yet clear in the literature which factors have most influenced travel mode choice during the pandemic. Research regarding London UPT investigated people’s satisfaction with the service using tweets. More negative perception was indicated when compared to the period before the pandemic. In addition, it indicates that measures associated with the pandemic, such as using masks, were new factors relevant for individuals [31]. Therefore, this article contributes to assessing UPT quality and investigating the Brazilian indicators that most influence its choice during the pandemic period.





3. Materials and Methods


To meet the objectives of this article, the method consists of four main steps. Initially, a previous survey was adjusted [29]. Then, data from two online questionnaires were collected (one before the pandemic and another during the pandemic). Finally, the data were processed and a comparative analysis between the two independent samples was conducted. The methodological flowchart in Figure 1 illustrates the steps. Following this, a detailed description of the methodological steps is presented in the next subsections of this article.



3.1. Survey Adjustment, Data Collection, and Processing


Initially, a revealed preference survey was used [29], and the questions were adapted considering the context of the COVID-19 pandemic. The aim of this type of survey was to obtain the actual travel behavior of users during the pandemic. The two questionnaires consist of four sections and the questions included in each section are presented in Table 2.



The participants’ rights and privacy were protected by presenting the survey’s terms and conditions in the first page of the questionnaire. The respondents had to read and agree to the terms, which contextualized the survey, described the sections of the questionnaire, showing that the participation was voluntary. In addition, the participants were informed that all responses were anonymous and confidential.



Data collection was carried out in two periods: before the pandemic (between November 2019 and March 2020—sample before the pandemic) and during the pandemic (between October 2020 and January 2021—sample during the pandemic). In order to understand the different contexts in which the questionnaires were conducted, Figure 2 shows the evolution graph of confirmed COVID-19 cases and deaths in Brazil over time.



It can be observed that the first collection was completed just before the social distancing restrictive measures (March 2020). The second collection was carried out in a period of relaxation of these measures, thus after the peak of the “first wave” and before the peak of the “second wave” of the pandemic in the country. The questionnaires were published online on the Google Forms platform, via social networks and email lists.



In this study, the authors used a non-probabilistic sampling method (convenience sample) called “snowball sampling”. This data collection has limitations due to the difficulty in accessing the various segments of the Brazilian population, especially during the COVID-19 pandemic period.



Afterward, the data processing included the elimination of inconsistencies and two independent samples were obtained. For the pre-pandemic sample (sample before), 625 responses were obtained from individuals from 103 cities in 22 different Brazilian states. In the sample collected during the pandemic (sample during), 468 responses were obtained from individuals from 98 cities in 20 different Brazilian states. The proportion of the respondents’ states of origin is shown in maps (a) and (b) in Figure 3 and the population for each state is shown in Figure 4.



It can be seen that the two samples covered states from all regions of Brazil and the highest concentration of responses was in the southeast and northeast regions, which are the most populous regions of Brazil [33]. Due to the wide variety of cities and states, these responses were replaced by the binary variable “metropolitan region” to perform the analyses, classifying them according to belonging to a metropolitan area. These regions are defined by the Brazilian Institute of Geography and Statistics (IBGE in Portuguese) as the clustering of neighboring municipalities, aiming to integrate the organization, planning, and execution of public functions of common interest. It should be mentioned that Brazil has 74 metropolitan areas [34].



To carry out the confirmatory analysis, a new specific procedure for data processing was performed, in which responses whose alternative travel mode and/or trip purpose was “other” were excluded and categorical variables were transformed into a binary. The variables obtained from the questionnaire, their respective sections, and the new variables effectively used for the model’s calibration are shown in Table 3.




3.2. Comparative Analysis


In order to carry out a comparative analysis between the two independent samples, hypothesis tests were initially carried out to verify whether there was a significant change in the variables associated with travel behavior in the previous period and during the pandemic. The chi-square test technique was used for the variables “most frequent travel mode”, “most frequent trip purpose”, and “frequency of ridesourcing use”, due to the possibility of working with nominal and ordinal qualitative variables [35]. In the case of the variable related to ridesourcing use, a statistical comparison was made between the median test and Kendall’s Tau-b test techniques, as it is an ordinal categorical variable [36]. Table 4 describes the variables, the type of each variable, the hypothesis tested, the tests performed in each case, and the confidence level considered in the tests. IBM SPSS 24.0 software was used.



Following this, discrete choice models were calibrated to investigate the differences in travel mode and trip purpose choices. Discrete choice analysis was used to model preferences, based on the random utility theory [40,41]. This theory assumes that every individual is a rational decision-maker. The decision-maker selects the alternative in the choice set with the highest utility value.



Simpler structures were tested first, such as MNL models [40], assuming that stochastic errors have an IID Gumbel distribution. The utilities are configured as follows:


   U  i n   =  V  i n   +  ε  i n    



(1)




where    U  i n     is the utility of alternative i for the individual n;    V  i n     is the deterministic part in the utility function alternative i for the individual n.    ε  i n     represents the unobserved part of the utility and is often called the random component of utility.



Afterward, the utilities for each alternative were defined, whose coefficients are estimated from the maximum likelihood. The choice probability of alternative i for individual n for a multinomial logit model can be configured as follows:


   P  i n   =    e   V  i n         ∑   j = 1  j   e   V j    n    



(2)




where Pin is the probability of the alternative i to be chosen by individual n; j is the number of alternatives.



The standard logit model shows independence from irrelevant alternatives (IIA), which implies proportional substitution across alternatives [42]. This assumption for the distribution of residuals is rather simplistic, as they depend on the hypothesis of independence and homoscedasticity of residues [43].



More complex logit models can be derived similarly from different assumptions about the coefficients and error-term distribution. To overcome limitations of the MNL model, another model tested was mixed logit (ML), which has a highly flexible model that can approximate any random utility model [44] and consider heterogeneity in behavior. In the ML model, β is randomly changed. Thus, it is necessary to multiply the distribution of β on this basis to obtain the conditional selection probability of the behavior subject to the presence of random preferences [45]. Mixed logit probabilities can be expressed as integral to standard logit probabilities over a distribution of the parameters (3):


   P  i n   =   ∫      L  i n    ( β )  f  (  β | θ  )  d β  



(3)







   L  i n     is the logit probability evaluated at parameters β [42]:


   L  i n      ( β )  =    e   V  i n    ( β )        ∑   j = 1  J   e   V  j n    ( β )       



(4)







  f  (  β | θ  )    is the density function under the overall parameter  θ , known as ‘mixing distribution’ [46]. The density function is described by a certain parameter  θ , such as a normal distribution through the mean  μ  and standard deviation   σ  . The selection probability of the mixed logit model can be regarded as the weighted average of the selection probabilities of the multidimensional logit model, and the weight is determined by   f  (  β | θ  )    [45,47].



ML models with random coefficients (ML-RC), considering normal distribution, were estimated to investigate taste variation (e.g., in a time coefficient) by assuming that preferences were randomly distributed in the population. Many papers have proven the efficiency of normal distribution estimating the random parameters in a mixed logit model [48]. This paper utilizes 1000 Halton draws in the simulation procedure for parameter estimation. Model estimation was performed using R [49] and the Apollo package [50].



Different models were developed in this study so that we could compare the contexts of both surveys. The variable considered as alternatives, the period of the sample, the alternatives included, and the models calibrated are summarized in Table 5.



Two MNL models and two ML models were calibrated for travel mode choices: referring to the period before the COVID-19 pandemic (MNL travel mode before and ML travel mode before); and the others referring to the period during the COVID-19 pandemic (MNL travel mode during and ML travel mode during). The set of alternatives of all the models were: car (as a passenger); active modes; car (as a driver) or motorcycle; ridesourcing; and urban public transport (bus, subway, or train). A likelihood ratio test was performed to test whether there is a significant improvement in the goodness-of-fit of the ML model in relation to the MNL.



Similarly, models associated with the trip purpose choices were generated for the period before the pandemic (MNL trip purpose before and ML trip purpose before), in which the set of alternatives was: “work”; “leisure”; “study”; and “other” (“visiting friends and/or family”, “shopping”, or “health”). In addition, models for the period during the pandemic (MNL trip purpose during and ML trip purpose during), in which the set of alternatives was: “work”; “shopping”; “health”, and “others” (“visiting friends and/or family”, “study”, and “leisure”). The ML models are considerate when random parameters are observed, otherwise the mixed logit collapses into a multinomial logit model.



The multicollinearity test (Variance Inflation Factor—VIF) was performed regarding the independent variables of the models using the IBM SPSS 24.0 software [51] and the non-collinearity assumption for using the MNL model was verified and accepted.



In order to do a comparative analysis of the parameters that appeared in both models (before and during pandemic), the authors did a parameters equality test by verifying if the parameter of the during the pandemic model was inside the interval calculated for the before pandemic model. A normal distribution was considerate and the z value of 1.96 (95% interval confidence) was used to determine the parameters’ interval confidence, as follows:


   β  before   − 1.96 ∗  (  s . e  .   β  before      )  <  β  during   <  β  before   + 1.96 ∗  (  s . e  .   β  before      )   



(5)




where    β  before     is the parameter in the model before the pandemic,   s . e  .   β  before       is the standard error of this parameter, and    β  during     is the same parameter in the during the pandemic model.





4. Results


4.1. Samples Description


After the data collection and processing stage, the characterization of the two samples was obtained. The socioeconomic profile of the respondents is represented in Table 6, which describes household income range, level of education, exemption/discount for transit passengers, gender, age, and household car ownership of the samples from before the pandemic and during the pandemic.



It can be observed that most of the respondents in the sample from before the pandemic are young people aged between 18 and 30 years (71.2%), with a high level of education, having at least an undergraduate degree (63.2%). They have at least one car at home (69.7%) and do not have a discount or exemption on the UPT fare (69%). The characteristics of the respondents from the sample during the pandemic are similar. Around 63% are 18 to 30 years old, 62% have at least an undergraduate degree, 73% have at least one car at home, and 72% do not have a discount or exemption for transit fares. In both samples, approximately half are female and over a third have an income between three and nine minimum wages.



The level of education and household income of most respondents do not represent the reality of Brazilians as a whole, as the highest percentage of individuals over 14 years old have not completed elementary school [52] and the individual monthly income of most Brazilians over 10 years old is up to three minimum wages [53]. Therefore, the results obtained here cannot be expanded to the entire population. The snowball sampling technique, in general, results in a biased sample regarding the level of education and income. One way to mitigate this methodological constraint, proposed by the authors, was to remove these variables from the analysis, especially in the modeling stage.



However, the socioeconomic characterization is similar in the two samples, allowing the comparison of mobility habits in the different study periods. The characterization of trips and UPT quality assessment were differentiated between the two samples. Table 7 shows the percentage of answers for each category of trip purpose, travel mode, and frequency of ridesourcing use. Table 8 describes the respondents’ assessment of each UPT quality indicator.



The three most-used travel modes before the pandemic were the car, as a driver (34.7%), UPT by bus (25.4%), and ridesourcing (11.7%). During the pandemic, the proportion of drivers was higher (43.6%), ridesourcing appeared in second place (13.9%), and in third place was the bus (12.6%). It was observed that during the pandemic, UPT was assessed as worse than before the pandemic, and the biggest differences between the periods are in relation to the “very poor” evaluation of comfort, general quality, and frequency of service. It is worth mentioning that only UPT users from before and during the pandemic responded to the quality assessment of the UPT service questions, featuring a total of 204 responses in the sample before the pandemic and 220 responses in the sample during the pandemic.



Although ridesourcing was the second most used travel mode for the main trips during the pandemic, the frequency of use of this service was higher in the previous period. Regarding the purpose for the most frequent trip, there was a significant difference in the proportion of the samples as the three purposes most chosen by the respondents of the sample before the pandemic were “work” (53.4%), “study” (34.6%), and “leisure” (7.5%). In the sample during the pandemic, the most chosen purposes were “shopping” (35.9%), “work” (35.3%), “visits” (13%), and “health” (10.3%). The most frequent travel time is the only continuous variable and its description is characterized in Table 9.



A reduction in the average travel time and standard deviation was observed during the pandemic. The minimum, first quartile, and maximum values were similar, and the third quartile was higher before the pandemic.




4.2. Independent Samples Tests


In order to test behavioral differences regarding the travel mode choice, trip purpose, and frequency of ridesourcing use, some comparative tests were carried out between the responses obtained before and during the pandemic. The results are presented in Table 10, which shows the Pearson’s chi-square statistics, the Cramer’s V and contingency coefficient values, and the median and Kendall’s Tau-b test results.



It can be observed that there was a significant change in mobility habits at the onset of the pandemic, as the p-value in all cases were 0.000, and therefore significant for 99% confidence. In the case of the variable “frequency of ridesourcing use”, all tests carried out indicated that there is a difference in the proportion of responses in each category between the analyzed periods. Thus, the Tau-b correlation coefficient was negative, indicating a reduction in the frequency of ridesourcing use at the onset of the pandemic. In addition, when comparing Cramer’s V and Pearson’s chi-square values for the three variables tested, a greater intensity of difference was observed between the trip purposes chosen before and during the pandemic. To verify these relationships in more detail, the MNL and ML models were calibrated.




4.3. Multinomial Logit and Mixed Logit Models


The authors analyzed models for the travel mode alternatives and for the trip purpose alternatives.



4.3.1. Travel Mode Models


The set of alternatives for the modeling associated with the travel mode was car (as a passenger), active modes, car (as a driver) or motorcycle, ridesourcing, and urban public transport (bus, subway, or train). The MNL and ML models were estimated with data from before the pandemic and during the pandemic and the socioeconomic variables of level of education and income were removed due to the sample bias. The results of the models’ statistics obtained for the travel mode choice, such as number of observations, number of parameters, log-likelihood values, adjusted rho-square ratio, and Akaike information criteria are shown in Table 11.



The authors compared the log-likelihood (final) of the MNL and ML models from the same period, considering 95% of confidence. The likelihood ratio test was 19.696 for before the pandemic models and 28.676 for during the pandemic models (critical value for chi-square distribution    X  0.95 ; 1     is 3.84), and therefore we assume that the ML models bring accuracy improvements.



The ML travel mode before the pandemic was estimated with the travel time coefficient normally distributed and it was the only attribute that had random effects across all observations. The ML travel mode during the pandemic was estimated with the “Household car ownership” coefficient normally distributed, being the only attribute that showed to have random effects across all observations. Table 12 describes the variables included in the utility function of each alternative, the parameters estimated in the final model for each period, the confidence interval of the parameters in the before pandemic model and the comparison between the parameters of the variables that were included in both models.



After processing the data, a total of 609 observations were obtained for the mixed logit travel mode before the pandemic and 457 for the mixed logit travel mode during the pandemic. The parameters were estimated taking into account 90% of confidence and the signs that were consistent with their influence on the choice of alternatives. The adjusted rho-square values were similar and acceptable for both models [40].



By analyzing the results, we were able to compare the factors that influence the choice for each travel mode alternative in the different periods analyzed. In the case of UPT, the sign of its utility function constant changed from positive (before the pandemic) to negative (during the pandemic) and its value, in module, was higher during the pandemic (−1.9757). The comparative test indicates that the values were not equal for 95% confidence. This result indicates that there was a reduction in the choice of UPT at the onset of the COVID-19 pandemic. In addition, the parameter of the trip purpose variable “going to work” was significant only during the pandemic and its sign was positive and the value was high (2.1724), indicating a great influence of this factor on the UPT choice. Since it is a mandatory trip, it is understandable that UPT was used, especially for individuals who do not have a car at home.



The UPT quality assessment also influences its choice; however, only the users of these services responded to this section of the questionnaire and in the survey during the pandemic the individuals that used UPT before the pandemic and stopped at the onset of the pandemic were also included. It can be observed that the parameters for the scores 4 and 5 (“good” or “very good”) have a positive value, thus the better the UPT quality assessment, the greater the probability of the individual choosing this travel mode. The factors “comfort” and “frequency of service” had a significant parameter in the model (1.3841 and 1.3475, respectively), suggesting a greater influence on the choice of UPT than the other quality indicators of these services. Considering the Brazilian cases of UPT overcrowding during the pandemic [6], there is a need to improve UPT quality to attract users and ensure a more democratic, sustainable, and safe transport system. After all, even with the high-risk perception towards UPT [5,9,10], many users need this service for urban mobility, mainly to carry out mandatory activities, such as work.



Regarding the active modes, it was observed that males who do not live in metropolitan regions were more likely to choose this travel mode in both periods of study (the parameters for the two variables in both models were negative, thus the utility decreases when the response is 1—gender is not male and 1—lives in a metropolitan region, respectively). These results can be explained by women’s perception of violence and unsafety when walking or cycling on Brazilian roads [54] and the long distance in work-related trips in metropolitan regions. However, the parameter of the variable “metropolitan region” was significantly lower during the pandemic than before pandemic. Moreover, two variables related to the trip purpose had significant parameters only in the ML travel mode during the pandemic. It can be concluded that shopping and doing leisure activities influenced the choice of active modes more than the individual region of residence during the pandemic.



In the utility function of the ridesourcing alternative, differences related to the most frequent trip purpose were also observed. Before the pandemic, the main purpose was to go to leisure activities (a significant parameter with a positive value of 1.2385), while during the pandemic it was to go to health care (a significant parameter with a positive value of 1.3214). The models suggest that individuals are substituting ridesourcing for active modes to do leisure trips, as explained earlier in this section. The high frequency of ridesourcing use (at least six trips in the month prior to the survey) continued to influence positively the choice of these services even at the onset of the pandemic, as the comparative test indicates similarity between both parameter values.



The factors that influenced the choice for private motorized vehicles (car as driver and motorcycle) were similar in both models; however it was possible to observe some differences supported by the comparative test. Individuals who own at least one car at home are more likely to choose these travel modes for commuting during the pandemic than before (the parameter value was higher during pandemic at 3.7087, than before at 1.3252). Age is a social characteristic that was important only before the pandemic, as the variable “aged between 31 and 50 years old” had a significant and positive parameter (0.8901) only in the “ML travel mode before”. The utility function constant of the motorized private mode alternative was also significant. The value, in module, was higher during the pandemic, indicating a reduction in its use, since the sign was negative.



Another distinction observed was the decrease in the frequency of ridesourcing use with the onset of the pandemic by individuals that more often travel by car or motorcycle on the main trips. The parameter of the dummy variable “frequency of ridesourcing use (0)” was positive and higher on the “ML Travel Mode During”, thus it increased utility when the response was “1—did not use ridesourcing in the month prior to the survey”. This result is similar to the literature, in which the perceived risk was higher for using ridesourcing services than private cars [9,10].



Finally, the influence of the “travel time” variable on the utility functions of two alternatives (ridesourcing and UPT) in the models before and during the pandemic was analyzed. It could be observed that the signs for the ridesourcing alternative were negative (−0.0554 before; −0.0590 during), and the signs for UPT were positive (0.04151 before; 0.0248 during). Thus, one can infer that users are choosing ridesourcing more in shorter trips, so that the choice for UPT is made more often in long travel times, when the ridesourcing price is not competitive with the UPT tariff.



In addition, the constant of the ridesourcing utility function was positive and PT utility function was negative during the pandemic. It is possible that substituting UPT by ridesourcing, which had already been observed even before the pandemic [29,55], was accentuated in 2020, especially for those individuals who did not have a car available at home. Therefore, it is consistent with the literature from Australia, in which it was found that the risk perception in UPT is higher than in ridesourcing [10] and from Canada, in which an increase in the frequency of ridesourcing use to avoid crowded UPT vehicles and stations was recorded [56].



Distinctions were observed regarding travel behavior by observing the purposes for the most frequent trips that influenced each utility function. Thus, other modeling was carried out to obtain more in-depth results on the changes in activities carried out at the onset of the COVID-19 pandemic, as presented in the following section.




4.3.2. Trip Purpose Models


Different mixed logit models were tested; however, it should be noted that no random parameter has been found in the models. Thus, the mixed logit models collapse into a multinomial logit model (MNL). For trip purpose models, this paper presents only the models calibrated from the multinomial logit.



Two different MNL models were carried out for the alternatives of the most frequent trip purpose of the respondent. For the before the COVID-19 pandemic model, we included the utility functions of the alternatives: “work”, “leisure”, “study”, and “other purposes” that had a low number of responses (home visits, shopping, and health). In the model during the pandemic, we considered the utility functions of the alternatives: “shopping”, “health”, “work”, and “other purposes” that had a low number of responses (visiting family and/or friends, study, and leisure). The purposes grouped in the alternative “others” were different in the two models due to the different number of responses obtained for each alternative in each sample. The utility function of the other purposes was fixed with a constant equal to zero. The statistics of the two models, the parameters of the variables included in the utility functions, the confidence interval of the parameters in the before the pandemic model, and its comparison with the parameters in the during the pandemic model were obtained, as shown in Table 13.



The adjusted rho-squares were similar and acceptable for the two models. The log-likelihood (final) values were lower than the initial ones, as expected. The parameters obtained had signs that were consistent with their influence on the choice of alternatives and were significant for at least 90% confidence.



When analyzing the value of the constants of each utility function and the alternatives that were included in each model, a large reduction in the trip purposes “study” and “leisure” can be observed. Schools and universities had to restrict face-to-face activities to avoid contagion by the coronavirus, which had an enormous impact on education [57]. The “work” purpose was also impacted by the onset of the pandemic. Teleworking is a demand management strategy for urban travel that was already in place even before the pandemic. Considering the biosecurity measures to face the new coronavirus, there was a dramatic increase in this form of work, reducing the number of trips for this purpose and this new behavior may continue even after the pandemic [58,59]. In addition, there was a large increase in travel choice for “health” and “shopping” purposes at the onset of the pandemic. The constant of the utility function of the shopping alternative was the one with the highest value in the MNL trip purpose during the pandemic (3.9186) and this result is similar to the literature, as shopping is an essential activity that tended to be maintained during the COVID-19 pandemic [5].



When analyzing the factors that influence the choice of each trip purpose alternative during the pandemic, it was found that shopping trips were mostly made by active modes and have a low travel time. In addition, individuals did not use ridesourcing frequently for shopping, as the parameter associated with this variable was positive (0.4386), increasing utility when answer was “1—did not use ridesourcing in the month prior to the survey”. These travel services were used to make trips for “health care” purposes, according to the positive parameter obtained in the utility function of this alternative (1.2097). Differently, before the pandemic, ridesourcing was mostly used to access leisure activities (value parameter 1.0613).



It was found that UPT is used mostly to go to work during the pandemic. The parameter of the variable “Travel Mode (UPT)” (1.8714) was higher than for the “Travel Mode (Car as a driver or motorcycle)” (0.8039) during the pandemic and this difference is significant for 95% of confidence, as observed in the comparative test. However, in the period before the pandemic, the parameter for private vehicles was higher than UPT, therefore, the influence of using UPT on work trips on purpose is greater during the pandemic than before. Brazil only had 25.7% of its workforce teleworking and this possibility is restricted to individuals with greater purchasing power [60], which is not the case for most UPT users, thus it is necessary to use this service to go to work. Regarding the socioeconomic characteristics of individuals who make the main trip to work, it was found that most are men, aged between 31 and 50 years who use ridesourcing with high frequency. It was observed that this profile is similar in the two study periods.






5. Discussion and Transport Policies


From two independent samples of respondents with similar socioeconomic characteristics, it was possible to do a comparative analysis between the behavior related to the travel mode and trip purpose of the most frequent trip and frequency of ridesourcing use before and during the COVID-19 pandemic in Brazil. After identifying changes in habits that occurred in the context of the COVID-19 pandemic, the authors assessed those that may persist in the future. Even with the reopening of establishments and the return of face-to-face activities, behavior change can persist through inertia [61], so that individuals continue to act in a similar way to the pandemic period as a precaution [59]. In research conducted in Australia, evidence has shown that post-pandemic travel behaviors should be different from the pre-pandemic period [62]. Thus, based on the factors that influence the choice of travel mode and trip purpose alternatives, the authors propose public policies to mitigate the negative impacts and strengthen the positive impacts resulting from the effect of the pandemic. In order to complement the discussion, some habits were identified that did not change at the onset of the pandemic. Table 14 shows the mobility changes and habits that did not change and the policies suggested.



In the results observed in this article, it was found that during the pandemic, there was a reduction in UPT use, which is mainly used to travel long distances and for work-related purposes. In addition, the UPT quality assessment was worse. Therefore, it is feared that users will migrate to less sustainable travel modes, such as private motorized vehicles and ridesourcing, even after the COVID-19 pandemic period. In Australia, a study assumed a 20% reduction effect in public transport trips in the post-pandemic period, when compared to before the pandemic [62]. Demand for these services will increase after the pandemic, but not enough to match the pre-pandemic context. Thus, transport operators and the government need to implement policies that increase the frequency of service and, consequently, avoid overcrowded vehicles. These measures were also obtained in other surveys. For example, Moovit, a mobility and navigation app, asked its users what measures would encourage them to use UPT and increasing the fleet in circulation to avoid full vehicles was the most voted response [16].



Another proposal presented would be to reduce travel time. Ridesourcing is a competitor of Urban Public Transport in shorter trips, which have a more competitive cost with the UPT fare, and it was observed in the literature that a lower travel time in ridesourcing services is an important factor to substitute UPT with this mode [29,55,63]. In order to reduce travel time, the urban space and built environment should be considered. Increasing infrastructure for UPT, such as implementing exclusive fast lanes, would be a way to do this. Another policy suggested in the literature is to plan neighborhoods considering a balanced level of density [18]. Finally, the authors recommend increasing women’s personal safety in vehicles and stations as they are the main users of these services and harassment in UPT is frequent in Brazil [64].



From the point of view of transport operators, there are financial barriers to investing in improving the quality of the offered system. Revenue is acquired by the tariff paid by users and, considering the drop in demand for UPT in Brazil and the increase in additional costs for cleaning vehicles and stations [65], the economic crisis has affected UPT systems. From March 2020 to February 2021, the economic impact on buses was BRL 11.75 billion (nearly USD 2.22 billion dollars) and more than 18 companies had to interrupt their services [10]. Thus, the government should finance part of the operational expenses, through subsidies, improving the quality of service, and attracting users. Brazilian authors suggest a reform in the tariff policy [6] to grant more flexible contracts so that operators can seek ancillary revenues and eliminate existing cross-subsidy schemes [66]. While the subsidies are not implemented, a suggestion would be to adjust the UPT service levels based on socioeconomic characteristics and spatial needs [12].



Based on the results of this study, there is an important reduction in the constant of the utility function of UPT considering the pandemic period, compared to the previous period. A positive value of parameters associated with the variables of UPT quality assessment is also observed, corroborating the idea that comfort and adequate service frequency can increase the usefulness of the UPT, even in an exceptional situation such as the pandemic period.



Regarding ridesourcing use, different purposes for the trips were observed, in which “leisure” was the main purpose before the pandemic and during the pandemic it was “health care”. Similar characteristics were also observed between the two periods, such as the high frequency of use for work-trip purposes and the greater probability of choosing ridesourcing in shorter trips, when these services are more competitive with more sustainable travel modes, such as the UPT, indicating a possible substitution of UPT with ridesourcing. Thus, the quality of UPT needs to be improved to avoid this negative impact.



It can be observed that private cars were used more in the COVID-19 pandemic to access workplaces. In addition, there was a decrease in the frequency of ridesourcing use by car users, when compared to the period before the pandemic. In the literature, it was observed that before the pandemic there was a rate of substitution of private cars (used as a driver) by ridesourcing in Brazil of 12.5–25% [29]. In addition, the main substitution factors between these modes were avoiding using parking lots and avoiding drunk driving [29,55,63]. Thus, considering the restriction of leisure activities (which may have alcohol consumption), the decrease in mobility rates (which makes it possible to access parking areas more easily), and the high-risk perception in ridesourcing services [9], this substitution rate became lower during the COVID-19 pandemic. Demand management measures for car use, improvements in the quality of UPT services, bicycle infrastructure, and incentives for carpooling are suggested.



Regarding active modes, the results of this article demonstrate that their use occurred mostly for the “shopping” and “leisure” purposes during the pandemic. The pandemic has led to a greater use of active modes. A 50% increase in bicycle sales was observed between May and June 2020 [67]. A report prepared by Moovit in August 2020 shows that bicycle use has doubled in five Brazilian capitals: São Paulo, Rio de Janeiro, Brasília, Belo Horizonte, Recife, Porto Alegre, and Fortaleza [68].



In order for the increased choice of active modes to remain after the pandemic, investments should be made in infrastructure improvements, such as implementing cycle paths [6]. During the pandemic, temporary cycle paths were implemented in Brazilian cities, such as Belo Horizonte and Curitiba, and in cities in Europe and Latin America [69,70]. However, more investments should be made in accordance with the mobility plan of the cities so that these changes become permanent [6]. In addition, improvements in walking quality are needed, such as sidewalk infrastructure, crosswalks, planting more trees, street lighting, and improved accessibility for people with limited mobility.



The findings of the models also show that men used to choose more active modes before the pandemic and this characteristic continued during the pandemic. Women’s perceptions indicate they are more afraid when walking alone in Brazilian cities and this limits their use of public space. Therefore, increasing personal safety should also be considered when planning public policies for active mobility [54].



The reduction in travel for work purposes is related to the sudden increase in teleworking as a measure to contain the coronavirus in Brazil and in the world. Individuals who work in large companies have a higher level of education and are formally registered [6]. This way of working had already been adopted by some companies even before the pandemic and, in part, tends to continue during the post-pandemic period [58,59]. In Brazil, a survey of 1566 respondents found that 70% of teleworkers would like to continue working remotely after the pandemic [6]. Thus, more strategies are suggested for managing demand for travel through teleworking, such as a hybrid scheme to reduce trips to offices, staff rotation on different days of the week, flexibility in arrival and departure times to avoid peak hours, and full-time remote work (carried out at home) including proper social support for employees.




6. Conclusions


This article used two independent samples from two revealed preference online surveys conducted before and during the COVID-19 pandemic in all regions of Brazil. The objective was to analyze changes related to travel behavior that occurred at the onset of the pandemic. Independent sample tests were applied to identify changes in travel mode, trip purpose, and frequency of ridesourcing use. Afterwards, two mixed logit models were calibrated to analyze travel mode choice and two multinomial logit models were calibrated to identify trip purpose choices. ML and MNL models were tested and the likelihood ratio test was used to compare accuracy between them.



For future research, it is suggested to use a different sampling methodology to avoid the bias limitations of the online snowball sampling technique. In addition, other modeling methods can be applied for the trip purpose alternatives, since the mixed logit could not identify random parameters and the multinomial logit does not consider heterogeneity in behavior.



Even with the methodological limitations, it was possible to identify factors that influenced travel mode and trip purpose choice before the pandemic, and compare them with the factors observed during the pandemic. The decrease in Urban Public Transport (UPT) use in Brazil is a mobility change that was already happening before the pandemic and was intensified during the pandemic. This result concerns many researchers, scientists, and governors because of the substitution of this travel mode by less sustainable ones. It can lead to an increase in ridesourcing and private vehicles use, as observed in the results, and this change may persist in the post-pandemic period. Therefore, the analysis shows that increased frequency of service and comfort in UPT and a decrease in its cost and travel time would mitigate these negative impacts.



This article contributes to creating a more sustainable, democratic, and safe transportation system in Brazil by suggesting public policies for all travel modes to mitigate negative impacts and support positive impacts of the mobility changes observed during the pandemic. The authors suggest increasing infrastructure for active modes, reforming ridesourcing service regulations, implementing car demand management strategies, and improving UPT quality. In addition, implementing more strategies to support teleworking as a form of traffic demand management may help decrease congestion and improve traffic in cities.



For future research, it is suggested to investigate changes related to the socioeconomic characteristics of ridesourcing users in Brazil, which may have occurred at the onset of the pandemic. Before the pandemic, the profile was of young people with a high level of education and high income, according to the literature [29,63]; however, during the pandemic, it was not possible to identify them. Another research gap is the investigation of the impacts of the different active modes separately (such as walking and cycling). Furthermore, we recommend analyzing the differences in travel behavior in small, medium, and large cities in Brazil, as well as their regional particularities and availability of urban public transportation systems. Finally, conducting a survey again in the post-pandemic period will shed light on the habits that will persist in the future and the public policies that will be efficient in building a more equitable, sustainable, and safe transportation system.
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Figure 1. Methodological flowchart. 






Figure 1. Methodological flowchart.
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Figure 2. Timeline of COVID-19 cases and deaths series in Brazil [32]. 
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Figure 3. (a) Proportion of respondents from the Brazilian states in the first survey sample (2019); (b) Proportion of respondents from the Brazilian states in second survey sample (2020). 
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Figure 4. Population of the Brazilian states [33]: AC (Acre); AL (Alagoas); AM (Amazonas); AP (Amapá); BA (Bahia); CE (Ceará); DF (Distrito Federal); ES (Espírito Santo); GO (Goiás); MA (Maranhão); MS (Mato Grosso do Sul); MG (Minas Gerais); MT (Mato Grosso); PA (Pará); PB (Paraíba); PE (Pernambuco); PI (Piauí); PR (Paraná); RJ (Rio de Janeiro); RN (Rio Grande do Norte); RS (Rio Grande do Sul); RO (Rondônia); RR (Roraima); SC (Santa Catarina); SP (São Paulo); SE (Sergipe); TO (Tocantins). 
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Table 1. Quality indicators in Urban Public Transport.






Table 1. Quality indicators in Urban Public Transport.





	
General Factors

	
Indicators

	
Literature Review






	
Accessibility

	
Accessibility

	
[20,21], [22] *, [24,25,26,27]




	
Distance between origin/destination and station

	
[20,25,26,27,28]




	
Flexibility

	
Frequency of service

	
[20,21], [22] *, [26,27,28], [29] *, [30] *




	
Schedule reliability

	
[20,21], [22] *, [24,27], [29] *, [30] *




	
Trip delays

	
[25,26,28]




	
Integration between travel modes

	
[21,24,25]




	
Average travel time

	
[20,21], [22] *, [24], [29] *, [30] *




	
Cost

	
Payment system

	
[20,21,24]




	
Cost

	
[20,21,24,27,28], [29] *, [30] *




	
Safety

	
Personal safety

	
[21], [22] *, [24,28], [29] *, [30] *




	
Women´s safety

	
[20]




	
Comfort

	
Cleaning

	
[20,21,24,25,26,27,28], [30] *




	
Occupancy rate inside vehicles and stations

	
[20,21], [22] *, [24,26,27,28], [29] *




	
Seat comfort

	
[20,21,24,25,28]








* Brazilian study cases.
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Table 2. Questions and sections of the two surveys.






Table 2. Questions and sections of the two surveys.





	
Section

	
Questions






	
Socioeconomic characteristic

	
State and city of residence




	
Gender




	
Age




	
Level of education




	
Household income in minimum wages:

BRL 998.00 in 2019 (approximately USD 174.00 on 22 December 2021);

BRL 1039.00 in 2020 (approximately USD 181.10 on 22 December 2021)




	
Household car ownership




	
Exemption/discount for transit passengers




	
Ridesourcing use

	
Frequency of ridesourcing use




	
Characteristics of respondent’s most frequent trip

	
Travel mode




	
Trip purpose




	
Average travel time




	
Assessment of quality indicators of UPT in the city of residence (five points of Likert scale)

	
General quality




	
Comfort




	
Personal safety




	
Frequency of service




	
Schedule reliability
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Table 3. Variables included in each survey section and variables included in the models.






Table 3. Variables included in each survey section and variables included in the models.





	
Section

	
Variables in Survey (Type)

	
Variables in Logit Models

	
Type






	
Socioeconomic characteristic

	
State and city of residence (nominal)

	
Metropolitan region

	
Qualitative (binary)




	
Gender (nominal)

	
Gender

	
Qualitative (binary)




	
Age (nominal)

	
Aged below 30 years old

	
Qualitative (binary)




	
Aged between 30 and 50 years old

	
Qualitative (binary)




	
Aged above 50 years old

	
Qualitative (binary)




	
Household car ownership (quantitative)

	
Household car ownership

	
Quantitative




	
Exemption/discount for transit passengers (nominal)

	
Exemption/discount for transit passengers

	
Qualitative (binary)




	
Ridesourcing use

	
Frequency of ridesourcing use (ordinal)

	
Did not use in the previous month

	
Qualitative (binary)




	
Used 1 to 5 times in the previous month

	
Qualitative (binary)




	
Used 6 to 10 times in the previous month

	
Qualitative (binary)




	
Used more than 10 times in the previous month

	
Qualitative (binary)




	
Most frequent travel

	
Travel mode (nominal)

	
Active modes (bicycle and walking)

	
Qualitative (binary)




	
Car as a passenger

	
Qualitative (binary)




	
Car as a driver or motorcycle

	
Qualitative (binary)




	
Ridesourcing

	
Qualitative (binary)




	
Public transport

	
Qualitative (binary)




	
Trip purpose (nominal)

	
Work

	
Qualitative (binary)




	
Study

	
Qualitative (binary)




	
Leisure

	
Qualitative (binary)




	
Shopping

	
Qualitative (binary)




	
Visiting family and/or friends

	
Qualitative (binary)




	
Health

	
Qualitative (binary)




	
Travel time (quantitative)

	
Travel time

	
Quantitative




	
Assessment of quality in transit (Likert Scale—1 to 5)

	
Comfort (ordinal)

	
Comfort 4 and 5

	
Qualitative (binary)




	
Frequency of service (ordinal)

	
Frequency of service 4 and 5

	
Qualitative (binary)
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Table 4. Independent sample tests applied for each variable.






Table 4. Independent sample tests applied for each variable.





	Variables
	Type
	Hypothesis
	Independent Sample Tests
	Confidence Level





	“Travel Mode Before”; “Travel Mode During”
	Qualitative (Nominal); Qualitative (Nominal)
	Hypothesis 0 (H0):The variables are not different

Hypothesis 1 (H1):The variables are different.
	Chi-square [37]
	95%



	“Trip purpose Before”; “Trip purpose During”
	Qualitative (Nominal); Qualitative (Nominal)
	Hypothesis 0 (H0):The variables are not different

Hypothesis 1 (H1):The variables are different
	Chi-square [37]
	95%



	“Frequency of ridesourcing use Before”;“Frequency of ridesourcing use During”
	Qualitative (Ordinal); Qualitative (Ordinal)
	Hypothesis 0 (H0):The variables are not different

Hypothesis 1 (H1):The variables are different
	Chi-square [37]

Median [38]

Kendall’s Tau-b [39]
	95%
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Table 5. Models calibrated for the period before and during the pandemic.
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Variable

	
Period

	
Alternatives

	
Models Calibrated






	
Travel mode

	
Before pandemic

	
Car as a passenger; active modes;

private vehicles; ridesourcing;

urban public transport

	
Multinomial logit;

mixed logit




	
During pandemic

	
Car as a passenger; active modes;

private vehicles; ridesourcing;

urban public transport

	
Multinomial logit;

mixed logit




	
Trip purpose

	
Before pandemic

	
Work; leisure;

study; other

	
Multinomial logit;

mixed logit




	
During pandemic

	
Work; shopping;

health; other.

	
Multinomial logit;

mixed logit
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Table 6. Description of samples before and during the pandemic.
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Variables Description

	
Before Pandemic

	
During Pandemic

	
Variables Description

	
Before Pandemic

	
During Pandemic






	
Household income range (MW/Month)

	
n

	
%

	
n

	
%

	
Gender

	
n

	
%

	
n

	
%




	
<1 minimum wage (MW) *

	
33

	
5.3%

	
12

	
2.6%

	
Female

	
345

	
55.2%

	
256

	
54.7%




	
1–3 MW

	
153

	
24.5%

	
124

	
26.5%

	
Male

	
278

	
44.5%

	
209

	
44.7%




	
3–6 MW

	
141

	
22.6%

	
130

	
27.8%

	
Others

	
2

	
0.3%

	
3

	
0.6%




	
6–9 MW

	
104

	
16.6%

	
63

	
13.5%

	
Age

	
n

	
%

	
n

	
%




	
9–12 MW

	
70

	
11.2%

	
46

	
9.8%

	
<18

	
3

	
0.5%

	
1

	
0.2%




	
>12 MW

	
124

	
19.8%

	
93

	
19.9%

	
18–24

	
229

	
36.6%

	
131

	
28.0%




	
Level of education

	
n

	
%

	
n

	
%

	
25–30

	
216

	
34.6%

	
163

	
34.8%




	
Elementary school

	
0

	
0.0%

	
3

	
0.6%

	
31–40

	
78

	
12.5%

	
55

	
11.8%




	
High school

	
23

	
3.7%

	
19

	
4.1%

	
41–50

	
41

	
6.6%

	
34

	
7.3%




	
Undergraduate without degree

	
209

	
33.4%

	
137

	
29.3%

	
51–60

	
45

	
7.2%

	
52

	
11.1%




	
Undergraduate with degree

	
207

	
33.1%

	
156

	
33.3%

	
>60

	
13

	
2.1%

	
32

	
6.8%




	
Graduate

	
186

	
29.8%

	
153

	
32.7%

	
Household car ownership

	
n

	
%

	
n

	
%




	
Exemption/discount for transit passengers

	
n

	
%

	
n

	
%

	
0

	
189

	
30.2%

	
126

	
26.9%




	
No

	
431

	
69.0%

	
338

	
72.2%

	
1

	
239

	
38.2%

	
191

	
40.8%




	
Yes (others)

	
7

	
1.1%

	
5

	
1.1%

	
2

	
125

	
20.0%

	
101

	
21.6%




	
Yes (student)

	
177

	
28.3%

	
109

	
23.3%

	
3

	
59

	
9.4%

	
37

	
7.9%




	
Yes (elderly)

	
10

	
1.6%

	
16

	
3.4%

	
4 or more

	
13

	
2.1%

	
13

	
2.8%








* Minimum Wage (MW)—BRL 174 in 2019 (before sample) and BRL 181 in 2020 (during sample). Currency conversion on 22 December 2021.
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Table 7. Characterization of the most frequent trips and ridesourcing use.
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Variables Description

	
Before Pandemic

	
During Pandemic

	
Variables Description

	
Before Pandemic

	
During Pandemic






	
Trip Purpose

	
n

	
%

	
n

	
%

	
Travel Mode

	
n

	
%

	
n

	
%




	
Shopping

	
9

	
1.4%

	
168

	
35.9%

	
Active modes (bicycle or walking)

	
67

	
10.7%

	
61

	
13.0%




	
Study

	
216

	
34.6%

	
6

	
1.3%

	
Car (passenger)

	
42

	
6.7%

	
55

	
11.8%




	
Visiting family and/or friends

	
7

	
1.1%

	
61

	
13.0%

	
Car (driver)

	
217

	
34.7%

	
204

	
43.6%




	
Leisure

	
47

	
7.5%

	
16

	
3.4%

	
Motorcycle

	
11

	
1.8%

	
10

	
2.1%




	
Health

	
5

	
0.8%

	
48

	
10.3%

	
Ridesourcing

	
73

	
11.7%

	
65

	
13.9%




	
Work

	
334

	
53.4%

	
165

	
35.3%

	
Taxi

	
5

	
0.8%

	
3

	
0.6%




	
Other

	
7

	
1.1%

	
3

	
0.6%

	
Bus

	
159

	
25.4%

	
59

	
12.6%




	
Frequency of ridesourcing use in previous month

	
n

	
%

	
n

	
%

	
Subway

	
39

	
6.2%

	
7

	
1.5%




	
0 (did not use)

	
71

	
11.5%

	
197

	
42.1%

	
Train

	
8

	
1.3%

	
2

	
0.4%




	
1 (1–3 trips)

	
168

	
27.4%

	
148

	
31.6%

	
Other

	
4

	
0.6%

	
2

	
0.4%




	
2 (4–5 trips)

	
143

	
23.3%

	
52

	
11.1%

	

	

	

	

	




	
3 (6–10 trips)

	
108

	
17.6%

	
36

	
7.7%

	

	

	

	

	




	
4 (>10 trips)

	
135

	
22.0%

	
35

	
7.5%
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Table 8. Urban Public Transport quality assessment.






Table 8. Urban Public Transport quality assessment.





	
Quality Indicators

	

	
1 (Very Poor)

	
2 (Poor)

	
3 (Regular)

	
4 (Good)

	
5 (Very Good)




	
Before

	
During

	
Before

	
During

	
Before

	
During

	
Before

	
During

	
Before

	
During






	
Overall quality

	
n

	
19

	
44

	
57

	
57

	
70

	
84

	
53

	
28

	
5

	
7




	
%

	
9%

	
20%

	
28%

	
26%

	
34%

	
38%

	
26%

	
13%

	
2%

	
3%




	
Comfort

	
n

	
52

	
79

	
65

	
61

	
56

	
45

	
28

	
27

	
3

	
8




	
%

	
25%

	
36%

	
32%

	
28%

	
27%

	
20%

	
14%

	
12%

	
1%

	
4%




	
Security

	
n

	
53

	
66

	
51

	
71

	
54

	
55

	
42

	
21

	
4

	
7




	
%

	
26%

	
30%

	
25%

	
32%

	
26%

	
25%

	
21%

	
10%

	
2%

	
3%




	
Frequency of service

	
n

	
35

	
53

	
55

	
74

	
62

	
62

	
43

	
25

	
9

	
6




	
%

	
17%

	
24%

	
27%

	
34%

	
30%

	
28%

	
21%

	
11%

	
4%

	
3%




	
Schedule reliability

	
n

	
46

	
55

	
41

	
55

	
45

	
64

	
57

	
38

	
15

	
8




	
%

	
23%

	
25%

	
20%

	
25%

	
22%

	
29%

	
28%

	
17%

	
7%

	
4%
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Table 9. Description of the quantitative variable “travel time (minutes)”.
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	Sample
	Mean
	Standard Deviation
	Minimum
	First Quartile
	Third Quartile
	Maximum





	Before
	30 min
	33 min
	5 min.
	10 min
	35 min
	240 min



	During
	26 min
	24 min
	5 min
	10 min
	30 min
	240 min
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Table 10. Comparative analysis between travel behavior variables in two different periods.
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	Before × During
	Frequency of Ridesourcing Use
	Travel Mode
	Trip Purpose





	Number of observations
	952
	1093
	1093



	Pearson’s chi-square
	67.287
	53.96
	479.907



	Degrees of freedom
	4
	7
	6



	p-value
	0.000
	0.000
	0.000



	Cramer’s V
	0.266
	0.222
	0.663



	p-value
	0.000
	0.000
	0.000



	Contingency coefficient
	0.257
	0.217
	0.552



	p-value
	0.000
	0.000
	0.000



	Median
	2 (4–5 trips)
	-
	-



	Chi-square
	35.036
	-
	-



	Degrees of freedom
	1
	-
	-



	p-value
	0.000
	-
	-



	Kendall’s Tau-b
	−0.231
	-
	-



	p-value
	0.000
	-
	-
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Table 11. Travel mode models.






Table 11. Travel mode models.





	
Models Statistics

	
MNL Travel Mode before Pandemic

	
ML Travel Mode before Pandemic

	
MNL Travel Mode during Pandemic

	
ML Travel Mode during Pandemic






	
Number of observations

	
609

	
609

	
457

	
457




	
Number of parameters

	
15

	
16

	
18

	
19




	
Log-likelihood (start)

	
−980.1477

	
−980.1477

	
−735.5131

	
−735.5131




	
Log-likelihood (final)

	
−668.0266

	
−658.1786

	
−484.8149

	
−470.4771




	
Adj. rho-square

	
0.3031

	
0.3122

	
0.3164

	
0.3345




	
AIC

	
1366.05

	
1348.36

	
1005.63

	
978.95




	
Likelihood ratio test

	
19.696

	
28.6756
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Table 12. Estimates of the mixed logit models (travel mode).






Table 12. Estimates of the mixed logit models (travel mode).





	
Alternative

	
Variable

	
ML Travel Mode before Pandemic

	
ML Travel Mode during Pandemic

	
Confidence Interval of Parameters before Model

	
Parameter Comparison




	
Estimate

	
Estimate

	






	
Car (passenger)

	
Constant

	
0

	
0

	
-

	
-




	
Active modes (bicycle or walking)

	
Constant

	
2.2208 ***

	
−0.0009 ***

	
1.58 to 2.86

	
Different




	
Trip purpose (shopping)

	
-

	
1.4349 ***

	
-

	
-




	
Trip purpose (leisure)

	
-

	
2.1795 ***

	
-

	
-




	
Travel time

	
−0.0239 **

	
-

	
-

	
-




	
Metropolitan region

	
−1.8740 ***

	
−0.6569 *

	
−2.52 to −1.23

	
Different




	
Gender

	
−0.9009 ***

	
−0.6839 **

	
−1.49 to −0.31

	
Similar




	
Car (driver) or motorcycle

	
Constant

	
−0.7938 **

	
−3.5065 ***

	
−1.41 to −0.18

	
Different




	
Household car ownership

	
1.3252 ***

	
3.7087 ***

	
1.07 to 1.58

	
Different




	
Trip purpose (work)

	
0.9604 ***

	
1.1550 *

	
0.48 to 1.44

	
Similar




	
Frequency of ridesourcing use (0)

	
0.7266 **

	
2.5105 ***

	
0.05 to 1.40

	
Different




	
Age (31–50)

	
0.8901 ***

	
-

	
-

	
-




	
Ridesourcing

	
Constant

	
0.4326

	
0.6837 *

	
-

	
-




	
Frequency of ridesourcing use (3 and 4)

	
1.5961 ***

	
1.5419 ***

	
0.97 to 2.22

	
Similar




	
Travel time

	
−0.0554 ***

	
−0.0590 ***

	
−0.09 to −0.02

	
Similar




	
Trip purpose (health)

	
-

	
1.3214 ***

	
-

	
-




	
Trip purpose (leisure)

	
1.2385 ***

	
-

	
-

	
-




	
Public transport (bus, subway, train)

	
Constant

	
0.4739

	
−1.9757 ***

	
−0.16 to 1.11

	
Different




	
Travel time

	
0.04151 ***

	
0.0248 ***

	
0.02 to 0.06

	
Similar




	
Trip purpose (work)

	
-

	
2.1724 ***

	
-

	
-




	
Assessment of comfort in PT (4 or 5)

	
-

	
1.3841 **

	
-

	
-




	
Assessment of frequency of service in PT (4 or 5)

	
-

	
1.3475 **

	
-

	
-








Significance: *** p < 0.01, ** p < 0.05, * p < 0.1. Variables: 1. Trip purpose (activity): binary variable, in which 0 = travel purpose is not this activity, and 1 = travel purpose is this activity. 2. Metropolitan region: binary variable, in which 0 = respondent does not live in metropolitan region, and 1 = respondent lives in metropolitan region. 3. Gender: binary variable, in which 0 = male, and 1 = female and others. 4. Frequency of ridesourcing use (0): binary variable, in which 0 = used ridesourcing services at least 1 time in the previous month, and 1 = did not use ridesourcing services in the previous month. 5. Age (31–50): binary variable, in which 0 = do not belong to this age group, and 1 = belong to this age group. 6. Frequency of ridesourcing use (3 and 4): binary variable, in which 0 = used ridesourcing services of less than 6 times in the previous month, and 1 = used ridesourcing services at least 6 times in the previous month. 7. Assessment of comfort in PT (4 or 5): binary variable, in which 0 = did not select grade “4” or “5”, and 1 = selected grade “4” or “5” in the Likert scale. 8. Assessment of frequency of service in PT (4 or 5): binary variable, in which 0 = did not select grade “4” or “5”, and 1 = selected grade “4” or “5” in the Likert scale.
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Table 13. Estimates of the multinomial logit models (trip purpose).






Table 13. Estimates of the multinomial logit models (trip purpose).





	
Alternative

	
Variable

	
MNL Trip Purpose

before Pandemic

	
MNL Trip Purpose during Pandemic

	
Confidence Interval of Parameters before Pandemic Model

	
Parameter Comparison




	
Estimate

	
Estimate

	






	
Others

	
Constant = 0

	
Trip purpose:

visiting family and/or friends + shopping + health

	
Trip purpose:

leisure + study + visiting family and/or friends

	
-

	
-




	
Shopping

	
Constant

	
-

	
3.9186 ***

	
-

	
-




	
Travel mode (bicycle or walking)

	
-

	
1.0151 ***

	
-

	
-




	
Travel time

	
-

	
−0.0403 ***

	
-

	
-




	
Frequency of ridesourcing use (0)

	
-

	
0.4386 *

	
-

	
-




	
Health

	
Constant

	
-

	
2.7947 ***

	
-

	
-




	
Travel mode (ridesourcing)

	
-

	
1.2097 ***

	
-

	
-




	
Work

	
Constant

	
2.9758 ***

	
2.8211 ***

	
2.20 to 3.75

	
Similar




	
Travel mode (UPT)

	
0.6393 ***

	
1.8714 ***

	
0.18 to 1.10

	
Different




	
Travel mode (car as a driver or motorcycle)

	
0.7552***

	
0.8039 ***

	
0.29 to 1.22

	
Similar




	
Gender

	
−0.3042 *

	
−0.4026 *

	
−0.66 to 0.05

	
Similar




	
Age (31–50)

	
-

	
0.7201 ***

	
-

	
-




	
Travel time

	
-

	
−0.0138 **

	
-

	
-




	
Frequency of ridesourcing use (3 or 4)

	
0.8099 ***

	
1.1739 ***

	
0.42 to 1.20

	
Similar




	
Leisure

	
Constant

	
1.6570 ***

	
-

	
-

	
-




	
Travel mode (Ridesourcing)

	
1.0613 ***

	
-

	
-

	
-




	
Studies

	
Constant

	
1.3291 ***

	
-

	
-

	
-




	
Exemption/discount for transit passengers

	
1.7644 ***

	
-

	
-

	
-




	
Age (30 or less)

	
1.5533 ***

	
-

	
-

	
-




	
Model statistics

	

	

	

	




	
Number of observations

	
609

	
457

	

	




	
Number of variables

	
10

	
14

	

	




	
Log-likelihood (start)

	
−844.2533

	
−633.5365

	

	




	
Log-likelihood (final)

	
−509.4485

	
−450.1603

	

	




	
Adj. rho-square

	
0.3847

	
0.2689

	

	




	
AIC

	

	
1038.9

	
926.32

	

	








Significance: *** p < 0.01, ** p < 0.05, * p < 0.1. Variables: 1. Travel mode (mode): binary variable, in which 0 = do not use this travel mode, and 1 = use this travel mode. 2. Frequency of ridesourcing use (0): binary variable, in which 0 = used ridesourcing services at least 1 time in the previous month, and 1 = did not use ridesourcing services in the previous month. 3. Gender: binary variable, in which 0 = male, and 1 = female and others. 4. Age (31–50): binary variable, in which 0 =do not belong to this age group, and 1 = belong to this age group. 5. Frequency of ridesourcing use (3 and 4): binary variable, in which 0 = used ridesourcing services of less than 6 times in previous month, and 1 = used ridesourcing services at least 6 times in previous month. 6. Exemption/discount for transit passengers: binary variable, in which 0 = do not have exemption or discount in PT fare, and 1 = have exemption/discount in PT fare. 7. Age (30 or less): binary variable, in which 0 = do not belong to this age group, and 1 = belong to this age group.
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Table 14. Summary of travel behavior changes and policies suggested.






Table 14. Summary of travel behavior changes and policies suggested.





	Alternative
	Mobility Changes
	Mobility Habits Not Changed
	Policies Suggested





	Urban Public Transport
	Decrease in use;

decrease in UPT Quality
	Use in longer trips (high travel time).
	Increase frequency of service in UPT;

increase comfort of UPT;

reform pricing regulations [6];

decrease travel time of UPT trips;

adjust the UPT service levels based on socioeconomic characteristics and spatial needs [12].



	Ridesourcing
	Increase in use for UPT users;

decrease in use for car users.
	Users choose these services at least 6 times per month; use in shorter trips (low travel time).
	Increase UPT quality of service;

reform ridesourcing service regulations.



	Private vehicles
	Decrease in trips; increase in use for individuals that own a car
	Use for work trips
	Implement car demand management strategies;

increase UPT quality of service;

increase shared mobility strategies [6];

increase bicycle infrastructure [6].



	Active modes
	Increase in use for “shopping” and “leisure” purposes
	More use when gender is male
	Increase infrastructure for active modes (walking infrastructure, cycling infrastructure, greener cities, etc.);

increase security for women on the streets.



	Travel purpose work
	Decrease in work-related trips (teleworking)
	-
	Implement more strategies to support teleworking as a form of traffic demand management.
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